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Abstract
While recent research on income polarization is based on only a few ap-
proaches, this paper portrays the major methods and applies each to in-
come distributions of Germany (1984-2000) and the US (1984-1997) using the
Cross-National Equivalent Files. In addition, statistical inference is provided
via bootstrap techniques. Further, we combine kernel density estimation with
a unimodality test. The empirical results reveal increasing polarization and
inequality in the US while the corresponding ﬁgures remain almost constant
for Germany.
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In general, the notion of polarization is captured by describing group
formation processes in a society. Polarization deals with building homoge-
neous clusters that oppose each other. Maximum polarization is reached
if half the population is penniless, while the others share the total income
equally. It is commonly known that there is a high potential for political
unrest in a polarized society. However, the extreme case of total polarization
is very unlikely in reality. Nevertheless, research on polarization is mainly
motivated by the desire to detect and predict possibilities for social conﬂict
and revolutionary tendencies. Social conﬂict may develop if ethnic minori-
ties form homogeneous groups deterring other clusters. Diﬀerences in race,
religion, or social status cause tension if contrasts are sharpened over time.
In the following text, we apply the general idea of polarization to income in
order to understand the economic reasoning of possible group formations in
a society. One important question occurs: “How can one measure income
polarization tendencies in a society ?”
The existence of several diﬀerent approaches to measure income polar-
ization suggests creating a survey of existing methods without favoring one
over the others. A special case of income polarization, the ‘declining middle
class’, has been discussed intensively since the early eighties. Researchers
have been examining this hypothesis using well-known inequality measures
for more than ten years. Esteban and Ray (1994) and Wolfson (1994) inde-
pendently developed two approaches by forming a new concept of polariza-
tion distinct to the measurement of income inequality. Especially Wolfson
(1994) provides graphical proof that capturing polarization tendencies using
inequality measures is an invalid method. Esteban, Gradín and Ray (1999)
improve their previous model and derive Wolfson’s measure as a special case
for bimodality. Gradín (2000) and D’Ambrosio (2001) suggest further de-
velopments of Esteban et al. (1999) by combining the previous model with
kernel density estimates.
In addition to the two previous polarization measures and their devel-
opments, Jenkins (1995) applies kernel density estimates — a non-parametric
technique to estimate the unknown density of e.g., income in an economy — to
the UK income distribution and ﬁnds growing polarization trends and there-
fore remarkable evidence in favour of a declining middle class by comparing
the income distributions of 1979 and 1990/1991.
In this paper, we provide statistical inference for both polarization mea-
sures — Esteban et al. (1999) and Wolfson (1994) — using bootstrap methods.
The bootstrap method is very ﬂexible and easily implemented.
In addition, we apply non-parametric kernel density estimates to illus-
trate income distributions. The chosen bandwidth is a degree of freedom in
1the estimation of the kernel density. Several methods exist to determine the
bandwidth. In general, large values for the window width lead to very smooth
densities which tend to be unimodal. In other words, increasing the window
width to a certain extent produces unimodal kernel density estimates. In
contrast, small values for the window width result in scratchy, multimodal
densities.
Instead of choosing one particular method to determine the choice of
the window width, we apply a so-called “unimodality test” to obtain statisti-
cal inference for kernel density estimates. Starting with small values for the
window width, the kernel density estimate is multimodal. By enlarging the
window width, the resulting number of modes decreases. This process yields
the largest window width for which the kernel density estimate is bimodal.
Increasing the window width slightly leads to the optimal window width for
which our kernel density estimates are unimodal. Consequently, this partic-
ular window width is the smallest value for obtaining unimodal densities. By
drawing samples (with replacement) of our income observations and apply-
ing kernel density estimates (using the optimal window width), we count the
number of modes in these samples and calculate the share of multimodality
using this ratio as the underlying p-value of our unimodality test.
In the empirical part of the paper, we apply the two polarization mea-
sures and the unimodality test to German and US (unbalanced) panel data
using the Cross-National Equivalent Files. The paper is structured as follows:
Section two brieﬂy portrays the polarization measure by Esteban, Gradín and
Ray. The derivation of Wolfson’s measure is presented in section three. Boot-
strap methods are explained in section four, while section ﬁve gives insights
on kernel density estimation and our unimodality test. Section six contains
the data analysis while the conclusion is presented in section seven.
2 Income Polarization according to Esteban,
Gradín and Ray
Wolfson (1994), and Esteban and Ray (1994) independently developed
new concepts of income polarization. While Wolfson’s graphical concept is
closely related to the Lorenz curve, and consequently the corresponding scalar
measure is related to the Gini index, Esteban and Ray derive a class of scalar
polarization measures from a set of axioms and theorems. Both Wolfson, and
Esteban and Ray state that there exists some type of relationship between
their concepts and inequality. Nevertheless, the fundamental Pigou-Dalton
axiom of transfers is invalid in their approaches of polarization. Although
Esteban and Ray lay cornerstones for measuring polarization, the authors
admit drawbacks in their concept and suggested further developments.
2Esteban et al. (1999) improve their previous approach and, in addition,
derive the scalar Wolfson measure in the special case of bimodality. Accord-
ing to Esteban and Ray (1994) the case of bipolarization features the greatest
level of income polarization. Therefore, Wolfson’s measure represents an ex-
treme value of a general class of polarization measures provided by Esteban
et al. (1999).
While Esteban and Ray (1994) assume pre-grouped income data, Este-
ban et al. (1999) admit that the assumption of pre-grouped data might not
ﬁt with subjective identiﬁcation and alienation of individuals as proposed in
their earlier measure. By accounting for an error term, caused by regrouping
the pregrouped data according to both identiﬁcation and alienation func-
tions, the new polarization measure is applicable to all diﬀerent kinds of
income distributions.
In particular, Esteban and Ray state one main diﬀerence between in-
equality and income polarization. While income inequality is mainly based
on the Pigou-Dalton principle of transfers on which the tendency of inequal-
ity can be derived independently from the underlying income distribution,
income polarization considers the whole income distribution. Therefore, Es-
teban and Ray label income inequality as a ’local’ and income polarization
as a ’global’ concept.
I nt h ef o l l o w i n g ,w eb r i e ﬂy portray Esteban et al. (1999). Their behav-
ioral model is based on identiﬁcation and alienation functions. The identi-
ﬁcation function I (·) accounts for intra-group homogeneity indicating that
individuals feel related to others in the same income group. Further, the
alienation function a(·) comprises inter-group heterogeneity whereby indi-
viduals in diﬀerent income groups reject each other. Individuals consider
other incomes within a range D as part of their own group. In fact, a lack of
alienation, |yi − yj| ≤ D ∀i,j, leads to the existence of only one group with
nil polarization, P =0 .
Esteban and Ray (ER) deﬁne income polarization as the sum of all








πiπjT (I (πi),a(|yi − yj|)).
Note that eﬀective antagonism T (·) is assumed to be additive and depends,
besides on a vector of population weights π, on a vector of properties, e.g.,
income y.
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with K as a constant for population normalization. In addition, the authors
derive the ’polarization sensitivity’ α ∈ [1,1.6] using numerical computation.
Nevertheless, the identiﬁcation function I (π)=πα with the polariza-
tion sensitivity α separates the concepts of inequality and polarization. In
fact, ignoring identiﬁcation, α =0 , Esteban and Ray’s polarization measure
PER is proportional to the Gini index. Consequently, income polarization
antagonizes inequality for increasing polarization sensitivity α.
By extending their former measure using a statistical approach, Este-
ban et al. (1999) made redundant the pre-grouped income distribution. By
regrouping the pre-grouped society according to identiﬁcation and alienation
functions, the polarization measure is biased. Therefore, the authors extend
the former polarization measure in equation (1), but correct it by an error
term.
In order to initiate the error term extension of the polarization measure,
Esteban et. al. use the following n-group representation ρ of an income
distribution F with ascending ordered incomes, y0 = a<...<y n = b :
(y0,y 1,...,y n;π1,...,πn;µ1,...,µ n).











for all i =1 ,...,n.πi indicates the probability that an income y resides in
the deﬁned income class i,w h e r e a sµi reﬂects a weighted average income in
the particular income class i.
Unless the number of groups tends to the number of individuals, n → N,
respectively households, each n-group representation is inaccurate as an ap-
proximation of the income distribution F, and has consequently been cor-
rected by an error term ε(f,ρ). Therefore, Esteban et al. (1999) (EGR)
deﬁne the polarization measure as
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4where β is a weight indicating the amount of restructuring which the error
term corrects.
While Esteban et. al. consider the number of groups, n, of a density
representation as given, much attention is drawn to the question about limits
of particular income classes. In order to answer the question about the











|x − z|f (x)f (z)dxdz.
For reducing the approximation error ε(f,ρ), an accurate choice of the rep-
resentation ρ is important. Recognizing that the particular representation
error in each income group i is measured by the Gini index, the average dis-
tance between incomes within each group is therefore minimized in order to
derive a maximum degree of homogeneity within each group.
Assuming ρ∗ as the particular n-group representation that minimizes














Therefore, the minimization indicates the weighted average income of two
adjoining income groups. In other words, the Lorenz curve is approximated
by linear functions by decomposing the Lorenz curve into n parts. For n →
N, these approximations converge to the Lorenz curve. Consequently, the




where G is the Gini index. Finally, consolidating equations (2) and (3),
Esteban, Gradín and Ray derive the following polarization measure
P













¯ − β [G(f) − G(ρ
∗)] . (4)
In contrast to all existing studies based on Esteban et al. (1999), we prefer
not to use the logarithm of the variable ’income’ due to lower comparability
to both the Gini index and Wolfson’s polarization measure.
53 The Special Case of Bimodality and the
Derivation of Wolfson’s Polarization Mea-
sure
Esteban et al. (1999) derive Wolfson’s polarization measure in the spe-
cial case of a bimodal income distribution. Wolfson’s polarization measure





(1 − 2L(0.5) − G),
where µ stands for the mean, m for the median, L(0.5) for the Lorenz curve
at the median, and G for the Gini index. Therefore, the following imple-
mentations are based on the special case of a 2-group representation of an
income distribution. Bipolarization is, according to Esteban and Ray (1994),
the case featuring the highest level of income polarization. Consequently, the
authors identify the probability of the demarcation income y between these





In addition, they assume the underlying income distribution as mean nor-
malized, µ =1 . Furthermore, let the Lorenz curve be represented by L(·).









Therefore, the former polarization measure (see equation (4)), transforms in





1+α (1 − π)+( 1− π)
1+α π
¢
(µ2 − µ1) − βε(f,ρ)
=( π
α +( 1− π)
α)(π − L(π)) − βε(f,ρ).
As a result, the error term develops to
ε(f,ρ)=G − (π − L(π)).
Therefore, without minimizing the area between the Lorenz curve and the
linear approximation, Esteban et al. (1999) state the polarization measure as
P
EGR(f;α,β,y)=( π
α +( 1− π)
α)(π − L(π)) − β (G − (π − L(π))). (5)
6Minimization yields the cut-oﬀ income which is equal to the median
income, y = m. Consequently, the probability for incomes to reside in the
ﬁrst group is π = 1
2 which leads to Wolfson’s polarization measure in the










































4 Bootstrap Statistical Inference
In this paper, we use bootstrap methods to obtain statistical inference
for polarization measures. Related studies on the bootstrap are for instance
Biewen (2002), and Mills and Zandvakili (1997). Biewen applies bootstrap
techniques for measures of inequality, mobility and poverty. In addition, the
author shows the consistency of bootstrap results for those measures specif-
ically taking decompositions by subgroups and income source, and forms of
intra-household correlation into account. In contrast, Mills and Zandvakili
provide conﬁdence intervals and hypothesis tests for several inequality indices
without stressing any theoretical framework.
Statistical inference using bootstrap methods is done by taking samples
from the sample. By repeating this sampling procedure many times, one gets
intervals for means, variances, conﬁdence intervals, and many other statistical
ﬁgures. Therefore, bootstrapping is easily implemented and in addition,
it is a very ﬂexible tool. Dealing with dependencies, sampling weights, or
other special statistical properties is one major advantage of bootstrapping
over usual inference methods for which the resulting formulas are strongly
mathematical, often complicated and in some cases even not derivable at
all. The δ-method is one important method for variance estimation. After
expressing a particular measure as a function of moments, the δ-method
produces the resulting estimate for the variance of this measure. Such as, for
instance, Wolfson’s polarization measure PW is a function of the Gini index
which is inexpressible as a function of moments. Therefore, the δ-method is
inapplicable to the majority of income polarization measures. Consequently,
we use bootstrap methods to obtain statistical inference for all presented
polarization measures.
75 Kernel Density Estimation and a Unimodal-
ity test
Kernel density estimation is a method to estimate the unknown density
function for e.g., income. It omits both the problem of arbitrary income
interval framing and discounts the problematic classiﬁcation into categories
for histograms.











whereby n denotes the total number of observations, h the bandwidth of the
window, xi t h ei n c o m eo ft h eith individual, K (·) the kernel function, and
ˆ f (x,h) the estimated density for the particular income at x.I ng e n e r a l ,t h e
kernel function possesses similar properties to a density function. Therefore,
a widely used kernel function K (·) is the standard normal distribution Φ(·).
Schluter (1998) examines income dynamics applying mobility measures,
stochastic kernel densities, and among other approaches, a unimodality test
based on Silverman (1981) using the PSID-GSOEP ’Equivalent Dataﬁle’, a
predecessor of the Cross-National Equivalent Files.
The following brieﬂy applies bootstrap methods to a unimodality test
connected with kernel density estimates, and is based on Efron and Tibshirani
(1993). The unimodality test yields the smallest window width hopt for which
the resulting kernel density is unimodal. Starting with small values for the
window width, the kernel density estimate is multimodal. By enlarging the
window width, the resulting number of modes decreases. This process yields
the largest window width h for which the kernel density estimate is bimodal.
Incrementing the window width slightly leads to the optimal window width
hopt for which our kernel density estimates are unimodal. Consequently, the
window width hopt is the smallest value for obtaining unimodal densities. In
addition, this particular window width hopt is our test statistic and equals
the critical value for testing unimodality. For further details, see Appendix
B.
6D a t a A n a l y s i s
The Cross-National Equivalent Files consists of unit-record data vari-
ables. We equalize household income according to the OECD equivalent
scale with an elasticity scale factor of 0.5 to account for economies of scale of
household members compared to solitarily living individuals. In addition, the
8household income is deﬂated using the consumer price index for Germany,
respectively for the US. For more information on the data, see Appendix A.
The following data analysis, using the Cross-National Equivalent Files,
reveals diﬀerent pictures regarding the polarization process in Germany and
the US. In general, our results show increasing polarization and the often
cited, growing inequality in the US while the corresponding ﬁgures remain
almost constant for Germany. The analysis of the German data has to be
divided into two parts due to the political union with the former German
Democratic Republic in 1990. As a result the corresponding measures are
biased in the years 1990 and 1991 and are therefore left unconsidered in the
following analysis. In addition, a new sample F was included in the year 2000
which also leads to biased results in the corresponding ﬁgures and are left
unconsidered as well. While Wolfson’s polarization measure slightly increases
by an average increase of 1.08% per year for Germany (until 1989), inequality
stays constant until 1989, grows afterwards and features a slight decline in
the late nineties. Therefore, inequality shows an average increase of 0.42%
per year and Wolfson’s polarization index grows by 0.82% on average per year
until 1999. While Esteban, Gradín and Ray’s polarization measure shows a
steady average growth rate of 2.21% per year for four groups and α =1 .6,
polarization in the case of two groups (α =1 )seems to increase slightly by
0.75% per year.
In general, kernel density estimates vary in both form and shape ac-
c o r d i n gt od i ﬀerent horizontal axes. In order to provide useful estimates
for the unimodality test, especially upper income ranges need adjustment.
Speciﬁcally adapted kernel density estimates are specialized to adjust the un-
derlying bandwidth in upper income ranges. Nevertheless, our unimodality
test assumes a ﬁxed bandwidth for the kernel estimates in order to deter-
mine the critical bandwidth as a test statistic. Consequently, higher incomes
disturb the shape of the kernel estimates and are therefore unconsidered ac-
c o r d i n gt oar u l ew h i c hﬁrst calculates the diﬀerences of the logarithm of the
income, and secondly, starting at the highest income, the program censors
all incomes above the particular income, for which the ten previous income
diﬀerences were below 5%. In addition, Kernel density estimates show lit-
tle, single bumps in upper income ranges which lead to an oversmoothing
in the unimodality test routine. Consequently, a reasonable unimodality
test takes only those modes into account which are above an arbitrarily de-
ﬁned horizontal demarcation line. Therefore, we carried out a sensitivity
analysis in order to ﬁnd a critical horizontal demarcation line for accept-
ing modes. By increasing the height of the horizontal demarcation line, the
critical bandwidth decreases. As a tolerance line equal to the abscissa leads
to an oversmooth kernel density estimate, we begin with a tolerance level
of 2.5% and choose the highest horizontal demarcation line where the criti-
9cal bandwidth remains constant. We reject unimodality for the majority of
post-governmental income for Germany. Unfortunately, our unimodality test
cannot provide further inside in the current polarization situation.
The picture in the US is totally diﬀerent from the ﬁndings for Ger-
many. A new way of interviewing (computer assisted telephone interviewing,
CATI) was started in 1993 which leads to biased measures since 1994. Conse-
quently, the following analysis left the last four years unconsidered. While the
Gini index shows increasing inequality, Wolfson’s, and Esteban, Gradín and
Ray’s polarization measures feature growing polarization. The Gini index
and Wolfson’s polarization measure has values of 1.91% and 1.83% average
growth per year for post-tax/post-transfer income (until 1993). In addition
to Wolfson’s polarization measure, Esteban, Gradín and Ray’s polarization
measure increases by 2.36% and 0.92% for two (α =1 ) , respectively four
groups (α =1 .6) for post-government transfers on average per year (until
1993). The unimodality test gives no further insight into the US income
distribution. In fact, we reject unimodality in 50% of all years.
To conclude, inequality and polarization constantly rises in the US for
post-tax/post-transfer income, while the corresponding measures remain al-
most constant for Germany during the years. The obtained standard errors
of our inequality and polarization measures deserve closer attention. While
all standard errors for the Gini inequality measure and Wolfson’s polariza-
tion measure are quite accurate for the US and Germany, Esteban, Gradín
and Ray’s polarization measure results only accurate standard errors for Ger-
man income data. In case of the US, the corresponding standard errors are
unacceptable. Even increasing the number of bootstrap repetitions cannot
solve the problem for US income data. The major source of inaccuracy is the
linear approximation of the Gini index in the error correction term of EGR
polarization measure. One possible explanation for this dilemma might be
the higher level of inequality and polarization in the US income distribution
(compared to German income data) which results more often in ’unfavorable’
samples. In addition, our unimodality test cannot provide further insight in
both income distributions. While this test oﬀers excellent theoretical prop-
erties the practical application often leads to ambiguous results.
7C o n c l u s i o n
In this paper, we portray all major income polarization measures and
apply them using the Cross-National Equivalent Files from 1984-2000 for
Germany and from 1984-1997 for the US.
While previous research in this ﬁeld is mainly based on Esteban et al.
(1999), which is a successor of Esteban and Ray (1994), Wolfson’s polariza-
10tion concept has hardly been examined in recent studies. Esteban, Gradín
and Ray’s polarization measure is more general and includes Wolfson’s mea-
sure as a special case for two groups.
In addition to the theoretical presentation of polarization measures, we
apply kernel density estimates as a non-parametric method to estimate the
density of the underlying income distributions. Besides several assets of
kernel density estimates, one drawback is the lack of statistical signiﬁcance
of possible ﬁndings. Therefore, we combine kernel density estimates with a
unimodality test to obtain statistically signiﬁcant conclusions for any kind
of ﬁndings.
Besides obtaining statistical inference for all measures and the kernel
density estimates, we ﬁnd growing inequality and polarization in the US
income (after tax and government transfers). In contrast, the results for
Germany reveal a constant level of inequality and polarization. In comparison
to the US, Germany has a lower level of income inequality and polarization.
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A Data Description: The Cross-National
Equivalent Files
The Department of Policy Analysis and Management at Cornell Uni-
versity in conjunction with the ’German Institute for Economic Research’
(DIW Berlin) and the University of Michigan have created the Cross-National
Equivalent Files (CNEF), merging major panel data sets, among others, the
United States Panel Study of Income Dynamics (PSID) and the German
Socio-Economic Panel (GSOEP), to facilitate cross-national research.
The Cross-National Equivalent Files features various advantages over
the independent data ﬁles. While both single data sets have grown in size
and complexity during the years, the CNEF represents a simpliﬁed version
12and is especially qualiﬁed for comparative research projects between diﬀerent
countries. The simplicity of the data structure results in low start-up costs
for beginners in empirical data analysis and experienced researchers alike. In
contrast to descriptive books on the structure of the PSID and the GSOEP,
the description of the CNEF is brief.
The data has been researched and structured with the focus on solv-
ing practical research problems. As the data collection methods vary for
the PSID and GSOEP, the concept of ’income’ diﬀe r sf o rt h es i n g l ed a t a
sets. In contrast, the CNEF consists, among other variables, of constructed
variables which are not included in the original data sets like ’household post-
government income’ for obtaining post-tax/post-transfer household income.
Furthermore, a reliability code is provided specifying the level of comparabil-
ity of the particular cross-national variables wherein ’1’ represents complete
comparability and ’4’ indicates no comparability at all.
The current family composition in both data sets are either original
sample members or their oﬀspring, which illustrates a dynamic family devel-
opment situation and independently generates new sample members. While
the PSID interviews only the family head regarding questions about other
family members, the GSOEP questions all family members older than 16
years. For further details on the CNEF, see Burkhauser, Butrica, Daly and
Lillard (2001).
The following presents core facts about both independent data sets. The
GSOEP is a longitudinal data set consisting data on German households and
individuals and was founded in 1983 by the Special Research Area 3 ’Micro-
analytical Basis of Social Politics’ (Sfb 3) at the Universities of Frankfurt and
Mannheim during the years 1979-1982. Nowadays, the DIW Berlin organizes
and maintains this very complex data set.
In the very beginning, the GSOEP contained almost 6,000 households
and more than 12,000 individuals. Since 1984, the sample has besides Ger-
man households, also included Turkish, Jugoslavian, Greek, Italian, and
Spanish households which are overrepresented in the sample. Therefore, sam-
pling weights adjust for the disproportionate number of non-German house-
holds in the sample. For further details about the GSOEP, see Hanefeld
(1987) or SOEP Group (2001).
The Panel Study of Income Dynamics is one of the most signiﬁcant and
inﬂuential data sets in social sciences. It was founded in 1968 for poverty
research studies and is conducted by the Survey Research Center at the Uni-
versity of Michigan. The longitudinal survey of US households and individ-
uals consists of many diﬀerent dynamic aspects including economic, demo-
graphic, sociological, and psychological facets. The data set has grown from
4,802 households and 18,000 individuals in 1968 to about 9,829 households
and 53,013 individuals in 1997. One drawback is that households with low
13incomes are overrepresented, which leads to a disproportionately large sub-
sample of non-white households. It is counterbalanced through ’probability-
of-selection’ weights in order to represent the US population. For further
details about the PSID, see Hill (1992).
B Statistical Method: Kernel Density Esti-
mation and a Unimodality Test
The following portrays the unimodality test according to Efron and Tib-
shirani (1993). As stated above, smaller window widths lead to multimodal-
ity. Instead of repeatedly drawing samples, obtaining the optimal window
width for each sample, and checking whether the resulting window width
hopt is greater or smaller than our window width hopt, we equivalently simply
count the number of modes in the kernel density estimate for each sample.
Therefore, the underlying test statistic is
H0 :# of modes =1
H1 :# of modes > 1
using the null hypothesis that the kernel density has at most one mode.
The alternative hypothesis equals checking whether the obtained window
width of the last sample is signiﬁcantly smaller than hopt.W er e j e c tt h en u l l
hypothesis if the sample window width is too small compared to the optimal
window width hopt. In the same manner, we particularly check if the number
of modes in the kernel density estimate is greater than one which indicates
multimodality.
How does the unimodality test work? By drawing samples with replace-
ment from the kernel density estimate ˆ Yopt, which has been created with the
optimal window width b hopt := const., and counting the number of modes in
these samples, we calculate the share of multimodality which is in addition,
the underlying p-value of our unimodality test.
Unfortunately, drawing pseudo random samples with replacement from
our original sample and adding independently and identically distributed























































for the expected value and the variance. In particular, the variance of ri
is greater than the plug-in variance b σ























































































16CT a b l e s
Germany GP W PEGR(α =1 ) P EGR(α =1 .6)

















































































































































































































































































Table 1: Inequality and Polarization Indices for Germany 1984-2000 (Standard er-
rors in parenthesis; obtained using 200 bootstrap repetitions)
17US GP W PEGR(α =1 ) P EGR(α =1 .6)

































































































































































































































Table 2: Inequality and Polarization Indices for the US 1984-1997 (Standard errors
in parenthesis; obtained using 200 bootstrap repetitions)
18Germany % Horizontal Demarcation Line















































































































































































































































Table 3: Unimodality Test for Germany 1984-2000 (p-value for diﬀerent horizon-
tal demarcation lines (HDL); obtained using 1000 bootstrap repetitions;
critical bandwidth in parenthesis; relevant p-values in bold)
19US % Horizontal Demarcation Line





































































































































































































Table 4: Unimodality Test for the US 1984-1997 (p-value for diﬀerent horizontal
demarcation lines (HDL); obtained using 1000 bootstrap repetitions; crit-
ical bandwidth in parenthesis; relevant p-values in bold)
20